Abstract-This paper presents a grid-based indoor radiolocation technique based on a Spatially Coherent Path Loss Model (SCPL). Received Signal Strength (RSS) fingerprints are collected at different positions in the environment from which the radio wave propagation for the environment is empirically approximated with the SCPL model. Unlike the conventional path loss models, SCPL approximates radio wave propagation by first dividing the localization environment into grid cells and estimating the model parameters for each grid cell. Thus, the proposed technique is able to account for attenuation, resulting from non-uniform environmental irregularities. The efficacy of the proposed technique was investigated with an experiment comparing SCPL and an indoor radiolocation technique based on a conventional path loss model. The comparison has indicated the improved performance of the SCPL by up to 44%.
I. INTRODUCTION
Radiolocation is a localization technique where some characteristics of radio waves are used to determine the position of the target of interest. Due to the existing ubiquitous availability of wireless networks and GPS-denied nature of indoor environments, radio waves have been regarded as a good candidate in indoor localization problems [1] , [2] . While Received Signal Strength (RSS) is the most popular characteristics due to its setting with only one antenna, the bottleneck is the limited capability for information acquisition. The propagation of radio waves has been empirically modeled for a specific indoor environment accordingly [3] , [4] . Of the empirical models, Log-distance Path Loss (LDPL) [5] , which implicitly characterizes the attenuation caused by the obstructions in the environment, has been most popularly used for its strength in accuracy.
Recent improvement of accuracy of LDPL based radiolocation techniques can be attributed to two mainstream approaches: explicit attenuation modeling, and nondeterministic parameter estimation. The first explicit attenuation modeling is an approach where the accuracy is improved by refining the explicit formulation of attenuation. Bahl et al. [6] employed an LDPL variant in their radiolocation technique and explicitly modeled the attenuation caused by walls in the environment along with the implicit attenuation term. Their technique was employed with trilateration to globally determine the location of the agent. In their later work [7] , the authors further modeled environment-caused attenuation, such as the number of people in the environment, *This work was not supported by any organization 1 Murat Ambarkutuk and 1 Tomonari Furukawa are with the Mechanical Engineering Department, Virginia Polytechnic Institute and State University, Blacksburg, VA, 24060, USA, Email: {murata, tomonari}@vt.edu.
by dynamically choosing different set of model parameters. Lim et al. [8] also focused on similar attenuation sources and employed Singular Value Decomposition (SVD) on the collected RSS to reduce the disturbances of the environmental attenuation on the fingerprints. Incorporation of explicit attenuation model into LDPL yielded highly accurate localization results for both techniques.
The nondeterministic parameter estimation approach, on the other hand, improves accuracy by refining parameters in the attenuation model. Chintalapudi et al. [9] introduced a Genetic Algorithm based approach for parameter estimation and applied it after localizing the access point positions as well as that of agent. Goswami et al. [10] proposed a learning-based approach for estimation of LDPL model parameters. The collected RSS fingerprints were represented with a Gaussian Mixture Model, and model parameters were estimated with the Expectation Maximization algorithm. Experimental results have validated the reduction of localization uncertainty caused by the proposed parameter estimation.
The aforementioned approaches significantly improved overall performance of LDPL based radiolocation techniques, but the radio wave propagation was approximated globally without considering the attenuation of a small region. In a typical warehouse, for instance, a fairly empty loading dock results in Line-of-sight (LOS) propagation path while the storage area, where racks are placed densely, shows Non-Line-of-sight (N-LOS) propagation characteristics. The warehouse, for instance, is typically piled with a large number of items and thus exhibits not only LOS but also N-LOS propagation characteristics. Employing a global propagation model without local attenuation would simply result in unwanted inaccurate localization.
Spatially Coherent Path Loss Model (SCPL) uniformly divides the environment into grid cells, the propagation parameters are then estimated for each grid cell. Therefore, both the path loss and the attenuations can be characterized locally. At an unknown location, the agent receives a set RSS fingerprints collected from various access points from which the distance between access points and the agent is determined by employing the approximated propagation parameters. The range measurements are then used to attain the global position of the agent. The grid cell representation of the environment is then further incorporated into localization by representing the results as probability distribution over the grid cells.
The organization of the paper is as follows. Section II lays out the fundamentals of the radiolocation by introducing trilateration and LDPL model. Section III presents the details of the proposed technique based on the SCPL. Section IV investigates the validity of the proposed technique. Section V concludes this paper and discusses ongoing future work.
II. RADIO WAVE PROPAGATION IN INDOOR RADIOLOCATION
In this section, trilateration, a common pose-fixing technique for indoor radiolocation problems, is first introduced. The formulation of LDPL model, with which RSS fingerprints can be used for indoor localization purposes, is then given.
A. Indoor Radiolocation with Trilateration
The indoor radiolocation problem of interest in this paper is to locate an agent equipped with a radio module in an indoor environment that installs some number of access points in a distributed manner. Let indoor environment and some number of access points with known poses in the environment be Ω and m 1:k , respectively. At an unknown location, the agent collects n m number RSS fingerprints from all the access points within its field of coverage. The distances between the agent and the access points can be inferred with the use of RSS fingerprints and the radio wave propagation model. Consequently, the global position of the agent can be then obtained by using the trilateration method.
Let the measured distance between the agent and i th access point which resides at
Then the position of the agent can be represented as:
As can be seen in the Equation (1), each equation induces a sphere centered at the access point with d i radius. Since all the access points in the field of coverage of the agent lead to an equation, simultaneous solution of these equation yields to the position of the agent. By using j th equation as a linearization pivot, all the quadratic unknown terms can be eliminated in Equation (1) . Therefore, the set of equations attained can be represented in a matrix form. The linear system can be then solved for
T to determine the position vector of the agent.
. . .
where d ij represents the distance between i th and j th markers. Due to sensor and process uncertainty, direct solution of trilateration often yields to unwanted solutions [11] . Therefore, the least squares approach is often used in trilateration problems to cope with noisy measurements. The least square formulation minimizes overall localization error S, which is induced by the measurement noise.
If the A T A is not singular, the solution for Equation (2) can be derived as Equation (3).
B. Log-distance Path Loss Model
LDPL is an indoor wave propagation model which formulates the correlation between the transmitted and received signal strength as a function of Euclidean distance between an access point and the agent.
Let P L(d) be the difference between transmitted signal strength and RSS fingerprint obtained at a test point d distance away from the access point. This difference is commonly referred as path loss. LDPL model, formulates the path loss of the test point relative to a reference point d 0 distance away from the access point:
where P L(d 0 ) and X σ are the mean path loss measured at the reference point, a normal distribution with zero mean and σ standard deviation, respectively. The second term in the model denotes the relative path loss as a function of d d 0 and path loss exponent n. Table I shows different values of path loss exponent n depending on the environment and communication path.
As can be seen in the formulation of the LDPL model, wave propagation not only depends on separation distance d, but also path loss exponent n and standard deviation σ. Therefore, these parameters should be estimated from the collected data. A least squares approach can be used to obtain the model parameters:
where P L(d) is the estimated path loss occurred at the distance d with path loss n and standard deviation σ. LDPL formulation can be solved for the Euclidean distance d, for each measured path loss P L(d) at an unknown location, and estimated model parameters [n * , σ * ] T . Consequently, each fingerprint collected from access points within the agent's radio coverage will induce a circle in R 2 centered at the access point. The agent location can be then determined with trilateration applied on the induced circles. Figure 1 demonstrates the schematic diagram of the proposed grid-based indoor radiolocation technique based on SCPL. Given an RSS fingerprint obtained at an unknown location, the model parameters are first chosen with a feedforward neural network. The localization function based on SCPL is then used to estimate to the distances between the agent, and the access points. Least-squares trilateration technique is successively applied on the attained distances to determine the location of the agent. Consequently, the result of the trilateration is represented with a probabilistic distribution over the indoor localization environment Ω. This section covers the details of each component of the localization algorithm in further detail. The model parameters are first chosen with a feed-forward neural network. The distance between the agent and the access points is attained with SCPL. Consequently, trilateration is used to determine the position of the agent which results in a belief function over the localization environment Ω.
A. Spatially Coherent Path Loss Model
Let Ω = {g(i, j)|i = 1 . . . n gx , j = 1 . . . n gy } be the localization environment which is uniformly divided n gx by αg Distance correction factor. Since the N-LOS propagation path should be longer than LOS path, the length of the propagation path is corrected with this parameter.
σg
The estimated deviation of the normal distribution which is modeling the slow fading of the channel.
n gy number of grid cells. g(i, j) represents the grid cell resides in [i, j] in grid-coordinates. Figure 2 demonstrates the grid cell structure of the environment in detail. SCPL model characterizes the radio wave propagation for each grid cell by evaluating the formulation below:
SCPL model characterizes the measured path loss acquired at a test point with d distance away from the access point as the sum of the LOS propagation path loss P L los (d) and an explicit attenuation term P L att (d). P L los (d) is defined with Friis' Free Space Equation (FFSE) [12] . On the other hand, P L att (d) the attenuation caused by the obstacles in grid cell g is formulated as given in Equation (7).
where n g and α g represent the path loss exponent and distance correction factor for grid cell g. Since the N-LOS propagation path will be longer than LOS path, α g estimates the N-LOS distance, while n g serves as a path loss exponent. Table II denotes the model parameters and their descriptions. Similar to attenuation term in LDPL, SCPL models the attenuation as a logarithmic function. However, the main difference is that SCPL does not model the attenuation relative to the reference point. Rather, the path loss exponent n g , the distance correction factor α g and X σg is a function of the position the agent. For each grid cell, model parameters are estimated; hence, the propagation of the radio waves are identified locally. As a result of this, for each grid cell, the irregularities of the environment can be modeled locally.
SCPL model parameters are estimated with a least-squares approach which minimize the path loss estimation error in grid cell g. Once these parameters are estimated from the collected fingerprints, the proposed path loss model can be used to estimate the separation distance from all of the access points. The formulation for the estimation is given in Equation (8) .
where P L(u, v) represents the path loss measured in grid cell g(u, v), while n s represent the number of fingerprints used in the estimation.
As can be seen in Equation (8), for each grid cell g(i, j), the loss function considers neighboring grid cells with spread factor of n x and n y . Assuming grid cells residing in a local vicinity should show similar propagation characteristics, the parameters of grid cell g(i, j) are attained by employing the fingerprints collected in neighboring grid cells as well. By incorporating the neighboring grid cells, the data points needed to estimate the model parameters are decreased, as well as the locality coherence is ensured. Figure 1 demonstrates the schematic diagram of the proposed localization technique. Given a fingerprint P r (i, j) acquired in an unknown grid cell g(i, j), the neural network is first employed to choose a set of SCPL model parameters. After selecting a set of model parameters, the acquired fingerprint P r (i, j) is used to estimate the distances between the access points and the agent. Since SCPL model results in a distribution for each distance estimation, the trilateration also yields a distribution representing the position of the agent.
B. Grid-based Radiolocation Based on SCPL Model

1) Parameter Selection: Given a fingerprint P r (i, j) acquired in an unknown grid cell g(i, j), the neural network is first employed to choose a set of SCPL model parameters. Let p(i, j) = [n(i, j), α(i, j), σ(i, j)]
T ∈ R 3 are first chosen from all the estimated parameters P ∈ R ngx×ng y ×3 . This parameter selection is achieved with a 3-layer feed-forward neural network where each layer of the network can be represented as Equation (9) .
where W n and b n represent the learned weight matrix and bias vector of n th layer, respectively. σ(·) denotes the nonlinearity function, while h n is the input of the n th hidden layer. Since all the model parameters are positives values, ReLu [13] is used as the nonlinearity function in SCPL model. Before training the neural network the input data, the measurements, is normalized such that the measurements of the each access points centered at zero with a variance of 1. Consequently, the model parameters are inferred by utilizing weights and biases of each layer consecutively, followed by the nonlinearity function.
2) Localization: After model parameters are chosen, the distance from the access point and to the agent is be estimated by utilizing the SCPL model. Trilateration is then be employed successively in order to determine the location of the agent. Finally, the result of the trilateration algorithm is transformed to probabilistic representation.
Let P (i, j) be the probability of the agent residing in g(i, j), resulted from the least-squares trilateration. Then P(Ω) represents the probability distribution function over all the grid cells.
The quantification of the probability distribution function P(Ω) is then achieved with expectation operator. The final localization result is represented as below:
By representing the localization as a distribution over Ω, the model can better account for error resulted from model inaccuracies, environment irregularities and trilateration.
IV. EXPERIMENTATION
This section will outline the details of the experimentation conducted. The structure of the environment is first described as well the determination of the grid cell size, followed by the details of the fingerprint collection process. Finally, evaluation of the parameter estimation, parameter selection and the overall SCPL model performance is covered.
A. Structure of the Environment and Grid cell Size Determination
The experimentation was conducted in Hancock Hall, Virginia Tech, where the environment can be considered empty. The environment contains two support columns inside and it is closed from three edges with cinder block walls while the last edge was open to another open area. The environment is 22.5 by 7.2 meters, in which 8 access points running at 900 MHz were placed. Figure 2 displays the grid cell representation of the environment, and the location of the access points. The characteristics of the radio modules used plays a significant role in the the determination of the grid cell size. Fraunhofer distance was considered to determine the size of the grid cells such that the fingerprints were acquired within far-field propagation zone (d > 2λ). The grid cell size determined as 0.9 by 0.9 meters as the radios, used in the experimentations, were running at 900 MHz (λ = 0.33 meters),
B. Parameter Estimation for SCPL Model
In Figure 2 , grid cells marked with red color represent the regions where obstructions affected during the parameter estimation. Therefore, around that region, SCPL parameters should show an increase in order to capture the increased attenuation. Figure 3 shows the path loss exponent parameter of the SCPL model. Around the obstructions, path loss exponent shows increase. Fig. 3 : Estimated path loss parameters for each grid cells. As it can be seen, the grid cells neighboring obstructions tend to have larger path loss exponent, which shows attenuation in these vicinities have more impact on the localization.
As described in Section III, a three layer feed-forward neural network was employed with which the parameters of model (n g , α g , σ g ) are chosen. The network is trained with Stochastic Gradient Descent algorithm with Nesterov momentum updates.
C. Analysis of Range Estimations
In order to analyze the efficacy of the SCPL model, first the range estimation is analyzed. For each fingerprints collected at an unknown position, SCPL and LDPL are separately used to estimate the range from all access points residing in the observable region. The error metric for each fingerprint vector is given below. Figure 4 depicts the empirical cumulative distribution function of the error in range estimations. At 80% frequency level, the performance of the SCPL degrades from around 7 meters (red line in Figure 4 ) to around 8 meters error (brown line), by using N-LOS fingerprints. On the other hand, at time same frequency level LDPL degrades from 11 meters to 16 meters. 
D. Analysis of Target Localization
The performance of SCPL model was also analyzed after trilateration technique is employed. The error metric used in the analysis is given in Equation (12) .
As shown in Table IV , after trilateration, the performance of both LDPL and SCPL degraded. By using a neural network to choose model parameters, SCPL achieved 7.1 median localization in target location estimation. On the other hand, LDPL was able to localize the agent with 8.66 median localization error. Figure 5 depicts the empirical cumulative distribution function of the error in target localization. As can be seen in the figure, when the collected fingerprints consist of only LOS measurements, then SCPL and LDPL follow the same trend. At 80% frequency level, the performance of the SCPL degrades from around 10 meters to around 12 meters error, by using N-LOS fingerprints. On the other hand, at time same frequency level LDPL degrades from 10 meters to 18 meters. Figure 6 depicts the error distribution in target localization over the grid cells. The right most column in the fig. 6 depicts that LDPL and SCPL shows similar localization results if the best access points are used. Localization performance of LDPL degrades significantly more than SCPL if N-LOS fingerprints ( Figure 6 , center column) were used for localization. These analyses suggests that explicit attenuation modeling limits the effect of obstructions on the path loss model and radiolocation technique, ensuring better localization results.
E. Access Point Analysis
In order to assess effect of the individual access points location in the target localization, the error contribution of each access point in the target localization is also analyzed. In order to further quantify the effect, the fingerprints of the best 3 access points employed to determine to location of the agent. All three combinations of all (8) access points measurements are employed to estimate the separation distance while the remaining fingerprints were discarded. With the combinatorial analysis, access points denoted with 1, 2, 6 (see Figure 2) found to be the least contributor in the error, while the combination of 3, 4, 5 seem to perfom the worst in our dataset. By only using the access points found to be more reliable, the error deviation of LDPL model reduced significantly, while the mean error of LDPL and SCPL models decreased by 46% and 34%, respectively. On the other hand, worst-3 analysis demonstrates that the mean error of LDPL and SCPL models increased 13% and 20%, respectively. Detailed error statistics of best-3 and worst-3 analysis tabulated in Table VI This paper has presented a grid-based indoor radiolocation technique based on the SCPL. The wave propagation is estimated for each grid cell so that the obstructions can only effect the propagation model in a local vicinity. The grid cell representation of the environment is furthered incorporated it into localization by representing the results as probability distribution over the grid cells.
This ability enabled SCPL to capture the attenuation caused by the environment, and to significantly improve (up to 44%) the localization performance in range estimations in comparison to LDPL. In the light of the experimentations, SCPL display more robustness to error caused by the N-LOS fingerprints than LDPL. Overall, the proposed grid-based indoor radiolocation technique yielded up to 18% (median) target localization improvement over LDPL based radiolocation technique. Results have demonstrated the applicability of the proposed approach in unstructured environments. This paper has focused on a grid-based indoor radiolocation technique based on SCPL which can account for obstruction dissimilarity of the environment. However, much work is still left open. Not every access point results in the same extent of error; further investigation must be done to quantify the error contribution of each access point from which an active access point selection can be employed to further reduce the localization error.
